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Abstract 
This paper investigates the uncertainties arising from parameter identification in a conceptual rainfall-runoff model 
and implications on surface water management and planning decisions. A conceptual rainfall-runoff model, the 
Probability Distributed Rainfall-Runoff Model (PDM), is applied within the Dove River catchment (UK) using 
1km2 resolution radar rainfall as inputs and 15 minutes resolution gauged flow data for calibration and validation. In 
most conceptual/lumped models, some parameters lack physical basis and cannot be inferred from direct 
measurements. The DiffeRential Evolution Adaptive Metropolis (DREAM) algorithm developed by Vrugt et al. [1] 
is employed for Bayesian inference to automatically calibrate the model against observed flow data. Probabilistic 
flow predictions are determined based on the resulting posterior parameter distributions, which reflect the residual 
model parameter uncertainty. These uncertainties associated with model parameters are propagated through a 
reservoir management model to assess its impacts on reservoir performance in maintaining adequate supply demand 
balance. The impact of using various reservoir operational rules on the characteristics of uncertainty propagation and 
associated impact on predicted supply demand balance are investigated. The results in this study suggest that 
adaptive management of reservoir operational rules can be used to achieve optimum balance between environmental 
impact, drought reliable supply and operation cost.     
© 2016 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of the organizing committee of HIC 2016. 
Keywords: Uncertainty analysis;  risk; water resources system; drought; PDM; Differential Evolution Adaptive Metropolis algo rithm 
*Corresponding author. Tel.: +44-121-608-4642; fax: +44-114-222-5700  
  E-mail address: asasfaw1@sheffield.ac.uk 
© 2016 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of the organizing committee of HIC 2016
300   A. Asfaw et al. /  Procedia Engineering  154 ( 2016 )  299 – 307 
1. Introduction 
Increasing demand for clean water causes considerable challenges for water utility operators and environmental 
legislators. Efficient use of available water resources to meet demand, whilst maintaining the quality of the aquatic 
environment is increasingly important. This has raised the need to develop improved techniques to assist in the 
sustainable use and management of water resources. It is widely recognized that an integrated water resources 
management approach is crucial to inform decisions dealing with emerging issues of increasing demand, climate 
adaptation planning and associated policy reforms [2]. In particular, analysis of uncertainties in environmental 
models and enabling probabilistic assessment of water shortages through a risk management framework is essential 
[3]–[5]. Uncertainties associated with streamflow predictions or other hydrological variables stem mainly from four 
major sources: inherent randomness, input data (forcing variables) uncertainty, parameter estimation uncertainty, 
and structural uncertainty [e.g. 6,7]. Since the 1980s, water planners have used stochastic and risk based approaches 
to account for hydrological uncertainties. Pioneering studies of Nardini et al. [8] and Simonovic et al. [9] have 
applied risk-based concepts in water resources management to evaluate reservoir control and operation options. 
However, most of the traditional Water Resources Management and Planning (WRMP) methods account for 
uncertainty by providing a buffer between supply and demand, which is often called head-room, and via 
precautionary provision of reserve storages in reservoirs. Sustainable management of water resources to protect 
rivers and aquifers and facilitate adaptation to the ever changing water demand, economic and social condition is 
becoming increasingly challenging. Thus, a fit for purpose and effective WRMP needs to incorporate hydrological 
uncertainties, which can be quantified increasingly accurately due to higher computational power and robust 
methods. Recent studies on integration of hydrological uncertainties in water resource planning approaches have 
tried to address this challenge [e.g. 10,11]. The majority of these studies have focused mainly on accounting for 
input(forcing variable) uncertainties such as the study of climate change impacts using uncertain data from climate 
models [e.g. 12,13,14,15]. On the other hand, most of recent studies on estimating uncertainties associated with 
streamflow predictions have focused on developing uncertainty analysis methods and identifying different sources 
of uncertainties in an attempt to investigate their effects on model performances. And much less attention has been 
given to investigate the impact of hydrological model uncertainties on efficient management of water resource 
systems.  
This study uses a case study catchment in the UK to investigate the impacts of hydrological model parameter 
uncertainties on WRMP decisions. Parameter uncertainties of a conceptual rainfall-runoff model are assessed using 
a Markov chain Monte Carlo (MCMC) technique entitled Differential Evolution Adaptive Metropolis (DREAM) [1]. 
The resulting probabilistic flow predictions are propagated through a water resource system, which is represented in 
this study using a reservoir management model that incorporates real-world operational constraints and operation 
rules in the study catchment. Various potential reservoir management options are evaluated to assess the 
implications of reservoir management and planning decisions on the propagation of model parameter uncertainty 
through the system. The study shows how the supply demand balance of the system is impacted by the change in 
uncertainty bands resulted from the use of different reservoir operation rules. 
2. Materials and Methods 
2.1. Probability Distributed Model 
In this study, we used a conceptual rainfall-runoff probability distributed model (PDM), which has widespread 
application throughout the world, both for operational and design purposes. PDM describes runoff production from 
a catchment mainly as a function of rainfall, evaporation and absorption capacity of soil columns, which are 
represented as a succession of soil moisture storages. It is widely recognized that the soil moisture storage capacity 
widely varies throughout the catchment and this variation is represented in PDM using a probability distributed 
function. This is based on the fact that on discrete basis, there are more stores of one capacity than another and the 
actual runoff produced from a catchment can be obtained by weighting runoff produced by a store of a given 
capacity by its frequency of occurrence. The model provides various modelling options including different 
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probability density functions to enable the representation of a range of catchment responses in different ways. A 
series of publications [16]–[18] provided details of the theoretical background of the model. Spatially averaged 
catchment rainfall at 15 minutes temporal resolution is generated for input to the PDM model from radar rainfall 
data that is acquired from the UK met-office’s NIMROD system. Daily evaporation data is acquired from the UK 
met-office’s MORCES system and also used as an input to the PDM model. 
2.2. Uncertainty Analysis  
The use of hydrological models in water resources management, regardless of their complexity and structure 
introduces parameter uncertainties. These uncertainties in the model parameters are likely to impact water resources 
planning decisions. State-of-the-art Markov chain Monte Carlo (MCMC) technique entitled Differential Evolution 
Adaptive Metropolis (DREAM) is used to estimate parameter uncertainties in the PDM model [1]. The Differential 
Evolution Markov Chain (DE-MC) technique initially developed by Ter Braak forms the building block of DREAM 
[19]. This multi-chain MCMC technique has excellent performance in sampling complex, multi-modal and high 
dimensional target distributions. In recent years, DREAM has found widespread application and use for estimation 
of optimal parameter values and their underlying posterior probability density function on a wide range of model 
calibration and uncertainty analysis studies. DREAM is basically an adaptation of the Shuffled Complex Evolution 
Metropolis algorithm [20]. In DREAM a number of predefined chains are run in parallel to search the parameter 
space. Latin hypercube or covariance-based sampling methods are used to sample from a prior parameter space with 
uniform distribution to initialize a specified number of Markov Chains. These parallel chains at the initial stage form 
an N x d matrix, where N denotes number of chains and d dimension of parameter space. At each stage, differential 
evolution as genetic algorithm creates multivariate proposals to evolve the chains and Metropolis selection rules are 
applied to decide whether these proposals should be rejected or not (eq. 1). 
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Where į signifies the number of pairs of chains used to generate a proposal, ઞ is jump rate and r1(j)& r2(n) €
{1,…,N}; r1(j) Į r2(n) Į i.   The value of ઞ depends on the number of pairs used to create the proposal. Random 
Walk Metropolis (RWM) guidelines suggest that, a good choice of  ¤=2.38/Ĝ(2¥deff ) , where deff denotes the 
number of dimensions that will be updated. The value of e is drawn from Ud(-b, b) where |b|< 1 and white noise ¦
is drawn from Nd(0,b*) where b* is small compared to the width of the target distribution. The chain moves from Xi
to Zi depending on the Metropolis selection criteria and forms a Markov chain, whose stationary distribution is the 
posterior distribution of the parameters. Ter Braak & Vrugt [21] have showed the proof that this Markov Chain 
converges to the limiting distribution of posterior distribution. R-statics of Gelman & Rubin [22] can be used to 
monitor convergence of the Markov chain after the DE-MC becomes independent of its initial values (after burning 
Period). The generated posterior population can be used to communicate uncertainties in model parameters and 
model predictions. Vrugt et al. [1] has provided a detailed description of DREAM. 
2.3. Study Area 
Dove catchment used in this study is a sub catchment of Trent catchment located in the UK Midlands. The Dove 
catchment drains an area of approximately 1,020km2 and includes Churnet, Tean, Manifold and Hamps sub-
catchments. The elevations in the catchment range between 550m to 50m above sea level from its source to its 
confluence to the River Trent. The Dove River is 45 miles (72 km) in length flowing generally south to its 
confluence with the River Trent and is the major river of the southwestern Peak District, in the Midlands of England. 
In the downstream part of the catchment, the River Dove flows through a wide floodplain which contains extensive 
flood embankments constructed to protect villages and farmland in the area. 
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Fig. 1. Location of the study area and hydrometric sites.
The normal flow depth of the River Dove at the gauging station located at the outlet of the catchment is between 
0.43m and 0.83m. In extreme weather conditions the water level rises and ranges between 0.49m and 1.75m. A UK 
Environment Agencies’ flow gauging station is situated at the outlet of the catchment to monitor abstractable 
volumes at the site downstream (Figure 1). The abstraction site is used by a water utility operator to pump water to 
impounding reservoirs for water supply purposes. Data from the flow gauging station (at 15 min temporal resolution) 
has been used to calibrate and validate the hydrological model used in this study. The data used has been collected 
continuously over the period of 2004 to 2013.  
2.4. Model Parametrization 
Most parameters in general conceptual models such as PDM lack physical basis and mostly cannot be inferred 
from direct measurements. To reduce the dimensionality of the model calibration in this study, some of the PDM 
parameters are estimated from initial assessments and data bases. Prior to calibration, the model has run with default 
parameter values and water balance outputs are examined to find initial estimates of parameters which control runoff 
volumes (rainfall factor f and exponent in actual evaporation function be).  
     Table 1. Prior ranges and description of the PDM parameters used in DREAM. 
Parameter Description Minimum Maximum 
Cmin (mm) Minimum store capacity  0 50 
Cmax (mm) Maximum store capacity 100 400 
k1 (h) Time constant of surface storage 1  1 70 
k2 (h) Time constant of surface storage 2 1 70 
Kb (h1/3 mm2/3) Baseflow time constant  1 400 
Kg (h mmbg-1) Groundwater recharge time constant  60000 120000 
bg Exponent of recharge function 1.4 1.8 
Tdly (h) Time delay 0 0.5 
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Common and catchment specific values are assigned for directly identifiable parameters i.e. the type and distribution 
of spatial variability of store capacity (b), soil tension storage capacity (St) and constant flow parameter to represent 
returns or abstractions (qc). These parameters are believed to be less significant in changing runoff outputs in the 
study catchment. Eight parameters are identified in this study for calibration using measured flow data. Uniformly 
distributed priors for these calibration parameters are provided with upper and lower bounds for use in DREAM 
(Table 1). The PDM model guidelines and previous modelling works are used to define prior parameter ranges to 
make sure the parameter values remain hydrologically realistic. 
2.5. Reservoir Management Model 
A simple reservoir management model is developed and used to propagate model parameter uncertainties through 
a water resource system to assess their implications on water resources management and planning. This involved the 
simplification of the water resource system as an isolated, self-contained unit served by the storage reservoir which 
is supplied by the streamflow. A historical analysis is conducted in which water production data over the period of 
April, 2004 to April, 2009 is used to simulate real water demand on the system. At each timestep volume in the 
storage reservoir is calculated based on this historical demand, abstraction from the surface water and the 
operational constraints of the reservoir. Abstraction at each timestep is constrained by the total storage capacity 
(19845 m3) which cannot be exceeded, the abstraction license conditions for environmental protection (streamflow 
should be maintained at > 159Ml/day) as well as the intake capacity. In this study the intake capacity is set based on 
the average of daily maximum abstraction volumes achieved during wet periods as computed using historical 
abstraction data. Given these constraints abstraction is defined within the model as the maximum permissible value 
at each timestep.  
Reservoir operating policies are usually determined via division of the total reservoir capacity into four 
operational zones. The flood control zone occupies 2% of the total reservoir capacity and is maintained only for use 
in extreme events (i.e. limiting capacity to 98% of the total storage). The dead storage zone occupies 13% of the 
total reservoir capacity and is maintained as inactive storage, where the water is not used for operational purposes. 
The remaining capacity is split into two zones defined by a ‘control curve’. This control curve defines the storage 
volume required to be maintained in the reservoir at the beginning of each month in order to ensure continuous and 
reliable supply of water is provided to meet full demand. Control curves are developed by water planners based on 
design drought inflows and demands, which can be converted in to required storage volume by the process of 
balancing inflow and outflow. A control curve currently being used for the operation of the reservoir in the study 
catchment is used in this study.   
At each timestep, if the storage volume is above the control curve, the model allows free release of water from 
the reservoir to meet demand in full. However, if the storage volume in the reservoir drops below the control curve, 
a step-wise restriction of water release from the reservoir is also applied depending on percentage drops in storage 
volume. These procedures represent drought management actions such as the use of demand restrictions (e.g. 
hosepipe bans, nonessential use bans and severe water rationing) which are adopted by water resource managers to 
maintain adequate supply of water during dry periods. In addition, the model allows for relaxation of the abstraction 
licensing constraint allowing additional water intake from the river despite a drop in river flow beyond the original 
minimum flow requirement specified in the abstraction license. This accounts for drought permits, which are 
implemented by water utility operators in agreement with Environment Agency to reduce abstraction license 
restrictions during drought periods.  
3. Results and Discussion 
3.1. Probabilistic Flow Simulation  
A total of 2500 model evaluations are performed with the DREAM algorithm to sample from posterior probability 
distribution function of the model parameters. Latin hypercube sampling is used to initialize the chains by sampling 
from the uniformly distributed prior parameter ranges specified in Table 1. Convergence of the parallel MCMC 
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Fig. 2. Streamflow prediction uncertainty ranges derived with DREAM for a representative portion of the calibration period. The whole shaded 
area represents 90% prediction interval, whereas red region represents 30% prediction interval and the orange region represents the additional 60% 
ranges of prediction uncertainty. The blue dots denote recorded streamflow observation data. 
chains to the posterior distribution is monitored using the R-statistics of Gelman & Rubin [22]. The posterior 
probability distributions of PDM parameters provided the required information to summarize simulated flow 
variability caused by parameter uncertainty. Following convergence of the chains to a stationary distribution, PDM 
is evaluated for each set of parameter draws derived from DREAM to propagate the parameter uncertainties through 
the model and obtain simulated flow distribution.  These values are summarized using various percentiles to reflect 
the impact of parameter uncertainty on the model prediction (Figure 2). Five years of data is used for model 
calibration using DREAM over the period spanning from April 7, 2004 to April 7, 2009 and the remaining four 
years of data is used for validation purposes.  
3.2. Uncertainty in WRMP 
The flow ensembles generated from DREAM results over the five year calibration period are used as inputs to the 
reservoir management model, which under a given operational constraints and historical demand enables the 
simulation of probabilistic storage volumes in the reservoir and demand that can be met by the system at each time  
Fig. 3. Reservoir storage uncertainty ranges associated with hydrologic model parameter uncertainty. The whole shaded area represents 90% 
prediction interval, whereas red region represents 30% prediction interval and the orange region represents the additional 60% ranges of 
prediction uncertainty. The green line represents the control curve currently being used to manage reservoir storages in the study catchment and 
the black line represents the median of the prediction range.
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step. This allows the impacts of hydrological parameter uncertainty propagation to be illustrated in terms of water 
resources. Figure 3 shows the outputs of the reservoir management model over the simulation period as well as the 
storage volume prediction uncertainty ranges. In general, different responses in terms of uncertainty bounds in 
reservoir storage volumes are observed during dry (low streamflow) and wet (high streamflow) periods (Figure 3). 
During wet periods river abstractions are able to operate at their maximum capacities, and consequently high 
reservoir storages often close to the flood control level can be maintained. As a result, much narrow reservoir 
storage uncertainty bounds are observed during wet periods, which are expected as storage volumes are less likely to 
be impacted by variability in flow prediction ensembles. In contrast, abstractions during dry periods are limited by  
the availability of water in the river and this allows reservoir storage volumes to be significantly impacted by 
variabilities of flow prediction ensembles. This enables propagation of uncertainties from predicted river flows, 
which gets accumulated in the reservoir over storage drawdown period, and eventually results in much wider 
uncertainty bounds in predicted storage volumes. Impacts of flow ensemble variations on storage volumes starts to 
decrease as more water becomes available in the river and abstractions start to operate at maximum capacities.  
Fig. 4. Distributions in width of 90% uncertainty bounds over the analysis period (a) streamflow uncertainty range and (b) to (f) Variation in 
width of reservoir storage uncertainty bounds due to change in control curve levels: (b) Existing control curve, (c) control curve lowered by 5%, 
(d) control curve lowered by 10%, (e) control curve lowered by 15%, (f) control curve lowered by 25%.
Eventually when storage volume attains the flood control level, various flow ensembles result in similar reservoir 
storage volume. The wide uncertainty bounds observed during dry periods increase the probability of storage 
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demands. Consequently, this significantly raises the risk of not meeting full demand caused by increased uncertainty 
in reservoir storage volumes during dry periods. The implications of various reservoir operation rules in changing 
the characteristics of parameter uncertainty propagation in a water resource system are investigated by repeating the 
analysis over the 2006 drought period using a range of viable operational control curves. Five additional control 
curves are implemented in the model by dropping the original control curve uniformly by 5, 10, 15, 20 and 25 
percent, which also subsequently changes the operational rules of the reservoir. This enables free release of more 
water from the reservoir storage to meet demand. Figure 4 shows the characteristic changes in the uncertainty 
propagation through the water system as a result of change in reservoir operation rules. The restriction of release of 
water from reservoir, which is applied once the storage volume in the reservoir falls below the control curve, limits 
the increase in the uncertainty band during storage drawdown periods. More than 30% of the ensemble reservoir 
storage predictions have crossed below the original control curve during the 2006 summer low flow period, hence 
this gradually decreases as the control curve lowers. The width of uncertainty bounds in storage volumes increases 
as the control curve lowers, which enables the release of more water from reservoir to meet demand during dry 
periods (Figure 4). On the other hand, lowering the control curve reduces the width of uncertainty band in meeting 
demand as more water is freely released from the reservoir. The highest predicted probability of failure (not being 
able to meet full demand) over the dry period has significantly reduced when the control curve drops. The decline of 
reservoir storage beyond the control curve activates drought permit actions such as reducing abstraction license 
conditions, which are used to allow abstraction of more water beyond the normal license conditions. This 
exacerbates impacts of dry periods on the water environment. The results in this study suggest that management of 
reservoirs using adaptive operational rules can help to minimize impacts on the water environmental and ensure 
adequate supply during dry periods. 
4. Conclusions 
Simulated flow ensembles derived from PDM model evaluations over the posterior parameters space are 
propagated through a reservoir management model to drive availability predictions. This has enabled evaluation of 
the impact of model parameters uncertainty on meeting demand and implications on water supply management and 
planning decisions are assessed. Water resources planners are required to state the number of times a systems will 
fail to meet full demands over a specified planning period. This forms the level of service defined by water suppliers, 
which is determined through analyzing model simulated flows and is used for managing and planning of water 
resource systems. The predicted uncertainty bounds in reservoir performance are found to be wide as a result of 
incorporating hydrological model parameter uncertainties. Consequently, the predicted probability of failing to meet 
a specified demand during a particular dry period significantly depends on parameter uncertainty of hydrological 
models used to simulate river flows. Thus, accurately accounting for parameter and other model uncertainties which 
affect river flow simulations would help managers to make better informed planning decisions. 
Various operational rules have been implemented by varying the control curve of the reservoir to assess their 
impacts on propagation of hydrological model parameter uncertainty through the system. Despite the increase in 
width of uncertainty bounds in reservoir storage, the over all probability of failing to meet full demand during the 
dry period has significantly decreased as the control curve is lowered. This implies that drought periods with 
magnitudes similar to the 2006 drought can be better managed by refining current reservoir operational rules to 
minimize the impact on meeting demands and the water environment. Forecast data informing the scale of a 
particular drought can be used to inform adjustments of reservoir operation rules, which enables to increase level of 
service and reduce environmental impact. Furthermore, the method discussed in this study has enabled to explicitly 
determine probability of water shortage of particular severity at each time step, which can be further applied to 
weighing various water management options and investment costs against benefits in terms of reduced risk.  Besides, 
the method can easily be integrated into risk-based water resources management planning approaches, which are 
strongly advocated by a number of recent literatures [e.g 4,5]. 
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